Abstract. Water scarcity conditions over the 21st century both globally and regionally are assessed in the context of climate change and climate mitigation policies, by estimating both water availability and water demand within the Global Change Assessment Model (GCAM), a leading communityintegrated assessment model of energy, agriculture, climate, and water. To quantify changes in future water availability, a new gridded water-balance global hydrologic modelnamely, the Global Water Availability Model (GWAM) -is developed and evaluated. Global water demands for six major demand sectors (irrigation, livestock, domestic, electricity generation, primary energy production, and manufacturing) are modeled in GCAM at the regional scale (14 geopolitical regions, 151 sub-regions) and then spatially downscaled to 0.5 • × 0.5 • resolution to match the scale of GWAM. Using a baseline scenario (i.e., no climate change mitigation policy) with radiative forcing reaching 8.8 W m −2 (equivalent to the SRES A1Fi emission scenario) and three climate policy scenarios with increasing mitigation stringency of 7.7, 5.5, and 4.2 W m −2 (equivalent to the SRES A2, B2, and B1 emission scenarios, respectively), we investigate the effects of emission mitigation policies on water scarcity. Two carbon tax regimes (a universal carbon tax (UCT) which includes land use change emissions, and a fossil fuel and industrial emissions carbon tax (FFICT) which excludes land use change emissions) are analyzed. The baseline scenario results in more than half of the world population living under extreme water scarcity by the end of the 21st century. Additionally, in years 2050 and 2095, 36 % (28 %) and 44 % (39 %) of the global population, respectively, is projected to live in grid cells (in basins) that will experience greater water demands than the amount of available water in a year (i.e., the water scarcity index (WSI) > 1.0). When comparing the climate policy scenarios to the baseline scenario while maintaining the same baseline socioeconomic assumptions, water scarcity declines under a UCT mitigation policy but increases with a FFICT mitigation scenario by the year 2095, particularly with more stringent climate mitigation targets. Under the FFICT scenario, water scarcity is projected to increase, driven by higher water demands for bio-energy crops.
Introduction
Struggling to understand the implications of global climate change, society has devoted considerable attention to assessing the potential consequences of climate change on different human and Earth systems, and to devising adaptation and mitigation policies to minimize any potentially dangerous anthropogenic consequences. To clarify the longerterm nature of connections between human and natural Earth systems, several high-resolution, interdisciplinary global integrated assessment (IA) models have emerged and contributed significantly to the Intergovernmental Panel on Climate Change (IPCC) climate change assessment reports. IA models currently focus on energy, agriculture, land use, and climate. However, all assessments to date have implicitly assumed that emissions mitigation and adaptation to climate change will be unaffected by water scarcity -yet water availability may pose a significant constraint on our ability to adapt to or mitigate climate change. As an example, global emission mitigation policies can significantly alter land use
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patterns, both by limiting land use change emissions, and by increasing bioenergy production. The future of bioenergy crops, an important component of many technology strategies to reduce greenhouse gas emissions, may depend critically on water (Berndes, 2008; Varghese, 2007; GerbensLeenes et al., 2009; Berndes, 2002) . Thus, water availability could impose severe limitations on both emissions mitigation and climate adaptation, making the ability to assess the implications of changing supplies and demands for water -stemming from a simultaneously evolving human population, economic system, technology, and climate -an important scientific development.
With rapid shifts to socioeconomic systems, especially in the developing world, and potentially large-scale but varying impacts of climate change on global and regional hydrological cycles occurring simultaneously, an integrated assessment framework is expected to provide rich insights into alternative future global water demand and supply scenarios. Thus, any quantification of climate change impacts on water scarcity is incomplete without accounting for changes in both water availability and demands for humans. Several studies have assessed the impact of climate change on hydrology and water availability with a general consensus that runoff increases in higher latitudes and decreases in arid and semiarid regions with more frequent extremes due to an enhanced water cycle through warming (Milly et al., 2005 ). Yet, much uncertainty remains, especially with regard to GCM simulations used to force the hydrologic system, due the large differences in rainfall predictions.
Several global water management models coupled with global hydrologic models are also capable of producing water use estimates generally categorized in domestic, industrial, and agricultural sectors. However, there is potentially an infinite number of underlying assumptions that can replicate a particular emission scenario but induce vastly or somewhat different water demand projections. Future global water use estimates are generally driven by socioeconomic and technological change assumptions that reflect the storyline of the emission scenario producing the GCM climatic forcings (Alcamo et al., 2003b; Shen et al., 2008; Vörösmarty et al., 2000; Arnell, 2004) or by a set of assumptions representing a wide range of socioeconomic pathways (Hejazi et al., 2013b) . However, future water demands can be affected by climate change mitigation policies (i.e., policies designed to reduce emissions of greenhouse gases (GHGs)), which could feed back to affect the land and energy systems, and subsequently global water supply and demands (Falkenmark, 1999; Vörösmarty et al., 2000; Jackson et al., 2001) . In this paper, we quantify the effect of various climate change mitigation policies on global and regional water demands and scarcity conditions. Several authors have assessed water scarcity conditions both globally and regionally at various spatial (e.g., grid, county, basin, country) and temporal (e.g., monthly, annual) scales Alcamo and Henrichs, 2002; Islam et al., 2007; Viviroli et al., 2007; Shen et al., 2008; Wada et al., 2011; Hayashi et al., 2013) with estimates of about one-third of world population currently living in water-scarce countries (WMO, 1997) . Several studies have also assessed water scarcity conditions in the future, with water demands modeled as a function of socioeconomic assumptions, and water availability derived using climate models (Arnell, 1999a (Arnell, , 2004 Vörösmarty et al., 2000; Alcamo et al. , 2003b Alcamo et al. , , 2007 . However, only one study has investigated the implications of climate policy on global water scarcity (Arnell et al., 2011) . Arnell et al. (2011) compares the percentage of the population living in scarce areas under a baseline scenario (no climate policy) and a climate mitigation of policy of 450 ppm CO 2 e (equivalent carbon dioxide) by 2100. In this paper, we follow a similar approach by studying the effect of different types and levels of climate change mitigation policies. Instead of linking results from a set of models like Arnell et al.'s (2011) study -which used the IMAGE model and Shen et al.'s (2008) water withdrawals -we use linked water demand and supply modules incorporated within an IA model to ensure consistency and the ability to pinpoint the system components responsible for any important observed changes. This capability can provide greater insight about the implications of climate policies on the dynamics of natural Earth systems and help to identify important technological investment and adaptation measures.
The primary goal in this study is to quantify, in an integrated framework, the effects of climate mitigation policies on global and regional water scarcity estimates, while accounting for uncertainty arising from using different GCMs and following different types and constraining levels of climate policies on water scarcity. Toward that goal, it is essential to model water demand and supply in a unified and internally consistent integrated assessment framework that captures the inter-linkages and feedbacks with other natural and human systems, which can be exceptionally useful to assess the current and future picture of both global and regional water scarcity more accurately. This integrated modeling framework facilitates estimation of water resources demands and supplies globally and regionally by explicitly modeling the effects and feedbacks of both natural processes (climate model, crop model, and land use model) and human systems (anthropogenic forcing, land use change, energy demands and technologies, socioeconomics, and market-based economies). Thus, in this study, we incorporate a new gridded water-balance global hydrologic model (GWAM) as a new component to the GCAM water system, and combine it with spatially downscaled representations of all the existing water demand sectors (Hejazi et al., 2013a, b; Chaturvedi et al., 2013; Davies et al., 2013) in GCAM to produce a dynamic, high-resolution view of global, annual water scarcity.
Next, we briefly describe GCAM. Then we present the methods of modeling global water availability and demands in GCAM, with special attention to the downscaling techniques. 
GCAM
The Global Change Assessment Model (GCAM) has played a central role in the United States and international assessment processes since its inception (Edmonds and Reilly, 1985; Clarke et al., 2007; Kim et al., 2006; Brenkert et al., 2003) . GCAM is a dynamic-recursive model combining representations of the global economy, the energy system, agriculture and land use, and climate. Exogenous inputs include (among other variables) present and future population, labor productivity, energy and agricultural technology characteristics, and resource availabilities. In its current implementation, GCAM has the following 14 geopolitical regions: the United States, Canada, western Europe, Japan, Australia & New Zealand, former Soviet Union, eastern Europe, Latin America, Africa, Middle East, China [& Asian reforming economies], India, South Korea, and the rest of South & East Asia. The model is calibrated to historical energy, agricultural, land, and climate data through the 2005 time period, and runs in 5-year time steps to 2095, establishing marketclearing prices for all energy, agriculture, and land markets such that supplies and demands of all modeled markets are in equilibrium. GCAM traditionally includes representations of the economic, energy, and land use systems, and uses the Model for the Assessment of Greenhouse-gas Induced Climate Change (MAGICC) (Raper et al., 1996; Raper, 1992, 2002) as its reduced-form representation of the atmosphere, ocean and climate systems. The water system including both demand and supply are incorporated into GCAM as shown in Fig. 1 . In the current GCAM form, water does not hold any monetary value, and when demand exceeds the water availability, additional supply is assumed to come from non-renewable groundwater.
Global Water Availability Model (GWAM)

Background
For assessment of climate impacts on water, general circulation models (GCMs) and their representation of the hydrologic cycle are often used to provide spatially and temporally explicit quantification of changes in the water system over the upcoming century. The first such numerical parameterization of the hydrologic cycle within a GCM was done by Manabe (1969) . However, the initially simplistic and coarse representation of the hydrologic cycle within a GCM resulted in poor hydrologic predictive skill (Kuhl and Miller, 1992; Miller and Russell, 1992) . To alleviate this shortcoming, GCMs have utilized land surface models (LSMs) with hydrologic capabilities to improve the representation of runoff. Oki et al. (1999 Oki et al. ( , 2001 argued that current LSMs can simulate monthly river runoff quite well, provided that the precipitation and other climate forcing input data for the LSMs are sufficiently accurate. However, many LSMs still remain too coarse to capture some underlying hydrologic processes. Thus, a group of sub-grid parameterization LSMs have emerged (e.g., VIC (Liang et al., 1994 (Liang et al., , 1996 , SIM-TOP (Niu et al., 2005) , and GBHM ). This group of models generally represents the sub-grid variability (in soil moisture storage capacity, topography, and/or vegetation) as a spatial probability distribution.
An alternative is the emergence of a family of global water-balance models (WBM/WBMplus (Vörösmarty et al., , 1989 , WATBAL (Kaczmarek, 1993; Yates, 1994 Yates, , 1996 , WaterGAP (Alcamo et al., 2003a (Alcamo et al., , 1997 , macroPDM (Arnell, 1999b) , IMPACT-WATER (Cai and Rosegrant, 2002) , FAO's model (Bruinsma, 2003) , LPJ/LPJmL (Gerten et al., 2004; Rost et al., 2008) , GEPIC (Liu et al., 2007 (Liu et al., , 2009 Liu and Yang, 2010) , WASMOD-M (Widén-Nilsson et al., 2007) , WATERSIM (de Fraiture, 2007) , H08 (Hanasaki et al., 2008a, b) , and PCR-GLOBWB (Sperna Weiland et al., 2010) that improve the ability to simulate water availability on a global scale from GCM climatic forcings. Those models have evolved from a vertical water balance at the grid scale (typically 0.5 × 0.5), to routing water spatially from one grid cell to another, incorporating crop growth models, and modeling global water management components (e.g., reservoir management, human water use). However, not all such models incorporate all of these details, and they vary with regard to temporal and spatial scale, runoff mechanism, crop growth modeling scheme, and the representation of human systems. In general, global water balance models compute the water fluxes and related processes, and employ soil water balances based on climate, land cover (cropland, pasture, natural vegetation) and soil information on a grid cell basis, typically at 0.5 • resolution. In several of the models that focus on agriculture, soil moisture thresholds are set according to the irrigation triggered. Some models, such as GEPIC, extend further to include nutrient cycling, tillage and agronomics, simulating the effects of different agricultural management options (Hoff et al., 2010) . Some models (GEPIC, LPJmL) internally calculate crop yields, while other models (GCWM, WBMplus) use (mostly country-based) crop production data from agricultural statistics. In this study, the latter approach is used.
Water balance models typically use monthly climate data from the Climate Research Unit (CRU, University of East Anglia) to simulate the hydrologic processes, but some models temporally downscale the climate input data to daily scale to better model crop growth and irrigation water demand. Land use is generally based on the distribution and extent of cropland and permanent pasture. Areas equipped for irrigation are generally taken from Siebert et al. (2007) and crop types from Monfreda et al. (2008) or Portmann et al. (2008) . Generally, land use is assumed constant over the duration of the simulation period. Furthermore, different approaches for calculating potential evapotranspiration (PET) are typically used in different models, e.g., Penman-Monteith (GCWM), PriestleyTaylor (GCWM, IMPACT, LPJmL, WaterGap), Hargreaves (GEPIC), Hamon (WBMplus), or bulk formulas (H08). Zomer et al. (2006) applied five methods of estimating potential evapotranspiration to South America and Africa and found that the Hargreaves method (Hargreaves et al., 1985) compared favorably with the FAO Penman-Monteith, but required less parameterization, and with improved robustness to error in climatic inputs (Hargreaves and Allen, 2003) . Thus, to determine agricultural water consumption in this study, we use the Hargreaves method.
Model overview
In this study, a global hydrologic model, GWAM, is constructed and evaluated. GWAM is designed to retain consistency with the approaches used in current state-of-theart hydrological models, but with several modifications and simplifications in order to allow incorporation into GCAM. Components that are excluded in GWAM (as compared to most existing global hydrologic models) are river and reservoir routing, and a crop growth model that is simulated at the same temporal and spatial scale as the hydrology model. The former component is generally an important feature to achieve accurate monthly estimates of runoff, but it is less crucial when accounting for water on an annual basis and over very large first-order basins that drain directly into nonfreshwater bodies. This study incorporates a crop model similar to the FAO approach (FAO, 2001 ) since the agricultural water demand module is repeatedly calculated as GCAM solves all the markets in a particular time period, thus reducing the computational burden tremendously.
GWAM reproduces historical streamflow observations and simulates the future availability of freshwater under both a changing climate and an evolving landscape with competing water users. The model is grid-based, with a spatial resolution of 0.5 • × 0.5 • , and a monthly time step. Water routing capabilities and reservoir operation rules are not included. The water supply model is first evaluated against observational data and other models, and then simulated into the future to provide estimates of total water supply up to the end of the 21st century.
The global water availability model provides estimates of renewable freshwater resources in the form of surface flow. This indicates the maximum theoretical amount of water naturally available in a year for each of the basins. In reality, some of the runoff flows too quickly to saline water bodies or occurs in remote areas where there is no potential for people to use it. Thus, almost all recent studies have assessed water scarcity conditions using water scarcity indices such as that of Falkenmark (Falkenmark, 1989) and Raskin (Raskin et al., 1997) . Falkenmark (1989) assumes that a country or region experiences some water stress when annual water supplies drop below 1700 cubic meters per person per year, and faces water scarcity when they drop below 1000 cubic meters per person per year. Raskin et al. (1997) compare total water demand to the total amount of renewable water available, and define extreme water scarcity in any region as demand in excess of 40 % of total water availability; Wada et al. (2011) provide a detailed summary of previous studies that have used the definition of Raskin. In regions where the total water demands exceed the total stable flow of renewable water, humans have tapped into other sources that are either quite expensive (desalination of brackish and saline water) or unsustainable (fossil groundwater abstractions) (Wada et al., 2010; Gleeson et al., 2012) . In this paper, we only consider renewable water resources (i.e., annual flow of rivers) in the water scarcity calculations.
Model structure
The Global Water Availability Model (GWAM) is a gridded monthly water balance model with a resolution of 0.5 • × 0.5 • (Fig. S1 in the Supplement). It requires gridded monthly precipitation, temperature, and maximum soil water storage capacity (a function of land cover), and computes the amounts of evapotranspiration to the atmosphere, runoff, and soil moisture in the soil column. The model structure is consistent with existing global water balance models, and with the FAO's model formulation for modeling water resources in Africa (FAO, 2001) . GWAM tracks the fraction of rainfall that feeds into the soil column (green water) and runoff (blue water) at a monthly scale. The model accounts for the monthly green water storage and estimates the fraction of green and blue water that is evaporated back to the atmosphere through evapotranspiration from vegetation and cultivated lands and evaporation from bare soil or water bodies. The maximum soil moisture storage capacity (S m ) with a resolution of 0.5 • × 0.5 • is obtained from the soil map of the world and soil properties (FAO, 1998 (FAO, , 2003 . Information with regard to the maximum soil moisture storage capacity in mm m −1 is derived from the derived soil properties of the Digital Soil Map of the World, which contains raster information on soil moisture in different classes (FAO, 1998 (FAO, , 2003 . Maximum available soil moisture is estimated from estimates of root depth, field capacity, and wilting point values (typically ranges between 15-350 mm m −1 ). The root depth estimate is itself a function of land cover and water stress conditions. In this study, a static S m map over time is assumed.
As with any water balance model, the conservation of mass is observed following Eq. (1). That is, the amount of storage in the soil column (S t ) is the sum of initially available water in storage (S t−1 ) plus the amount of precipitation that falls during the month, minus the amount of water that evaporates back to the atmosphere through evaporation from water bodies or the soil, or through transpiration from vegetation (AET t ) and the amount of runoff (Q t ) during the month t.
More specifically, for any given month and grid cell, the amount of water available in any month t is a function of the amount of new precipitation P t , the amount of water available in storage S t−1 , and potential evapotranspiration PET t . However, the amount of water actually returned to the atmosphere is generally less than the amount potentially available due to water stresses; i.e., the amount of water available in the soil column is less than the estimated PET t value in a particular grid (an effect particularly apparent in desert and semiarid regions). Thus, the amount of actual evapotranspiration (AET t ) is modeled in theory as a function (Eq. 2) of the potential evapotranspiration as derived from climatic forcings, adjusted based on the water availability in a particular grid for a particular month. A nonlinear equation (Eq. 3) is used to determine actual evapotranspiration as a function of PET and the relative soil moisture state in a grid cell, according to Kaczmarek (1993) .
In practice, we estimate AET t following Eq. (4).
Once AET t is estimated, the current amount of storage can be computed following Eq. (5).
where γ is a unitless drying function of the soil column following the WBM formulation .
where α is an empirical constant (set to 1.0) and γ is the soil and vegetation-dependent available water capacity (Vörös-marty et al., 1998) . Finally, having estimated AET t and S t and given the values of S t−1 (estimated in previous time step) and P t (an input variable), Eq. (1) can be rearranged to compute Q t .
Then the storage value of each grid cell is updated, the time index is incremented by 1 month, and the calculation procedure is repeated until the end of the simulation period. Figure S2 in the Supplement shows a detailed flowchart schematic of the model calculation algorithm. Details of calculating monthly PET (Hargreaves method) are summarized in Appendix A. To simulate GWAM both historically and in the future (2001-2100), gridded monthly climatic input variables are taken from the Climate Research Unit (CRU TS 2.0 (Mitchell et al., 2004) ), and from the Tyndall Centre for Climate Change Research (TYN SC 2.1 (Mitchell and Jones, 2005) ), respectively, both at the University of East Anglia.
Model evaluation
Prior to simulating GWAM into the future, the model ability to reproduce historical values is evaluated against observations, statistical assessments, and other global hydrologic models. Globally, the mean annual runoff of 38 587 km 3 yr −1 is similar to previous data-based and model-based estimates, as shown in Fig. S3 in the Supplement. Figure S4 in the Supplement shows a comparison between our average annual runoff at the continental scale with other data-based and model estimates. The simulated global and continental mean annual runoff ranges correspond to the ranges of previous studies. The range bar around our estimates denotes the maximum and minimum annual runoff during the historical simulation period for the global (Fig. S3 in the Supplement) and continental ( Fig. S4 in the Supplement) scales. Note that, globally, data-based estimates are higher on average than model-based estimates. The observed difference at the global and continental scales can arise due to variations in the simulation period and modeling approach. Discrepancies may also arise due to inconsistency of spatial coverage. For example, data-based estimates generally cover small islands, while model-based estimates ignore those regions due to lack of appropriate spatial resolution, as is the case with GWAM's scale of 0.5 • × 0.5 • , which is generally too coarse to model small islands. Furthermore, some studies, including ours, do not include Greenland or Antarctica in the global and continental estimates. One additional source of variation at the continental scale may be due to how different studies split Russia between Asia and Europe. Table 1 summarizes the global and continental estimates from the literature. Next, we compare our results in Fig. 2 with those of several other global hydrologic models (e.g., WBM (Fekete et al., 2000) , WBMc (Fekete et al., 2000) , and WGHM (Döll and Fiedler, 2008) ), and with the FAO AQUASTAT estimates of renewable water resources by country, aggregated by GCAM regions in the year 2005 (AQUASTAT, 2012). Specific estimates for the country and GCAM regional scales are summarized in Tables 1 and S1 in the Supplement, respectively. Table 2 presents estimates of the models' departure from FAO's estimates at the country scale (only countries for which all four models have values are used) and the GCAM regional scale; model departure is measured in terms of root mean squared error (RMSE). Overall, all models exhibit a similar range of goodness-of-fit (Table 3) . Variations among the models may be due to variations in the representation of rainfall-runoff generation and how PET is computed.
Finally, we compare our simulation results of historical average annual runoff for 29 major basins of the world against observed values from the Global Runoff Data Centre (GRDC, 1999) -see Tables S2 and S3 in the Supplement for a complete summary of our results in comparison with several other data-based and model-based estimates. Figure 3 shows a scatter plot of the basin scale results in comparison to several other model results. Overall, models tend to overestimate small annual runoff values for the selected basins. Variations again could arise due to several factors. Delineated drainage areas are somewhat inconsistent and area differences are relatively large for some basins (this is not a concern for the comparison with WBM and WBMc because they use the same drainage areas). Second, the time of record and simulation periods differ across sources. Third, this study assumes natural conditions while observed runoff data capture other factors (e.g., human activities). Thus, GWAM generally overestimates water availability (i.e., annual runoff) as compared with observed data in basins where water consump- tion is extensive (especially agricultural water consumption) relative to water supply.
GWAM future simulations
GWAM is simulated over the entire 21st century using the SRES (2000) A1Fi, A2, B1, and B2 emission scenarios and data from four GCMs (HadCM3, CSIRO2, CGCM2, PCM) (TYN SC 2.1; Mitchell and Jones, 2005) to result in 16 individual simulations of GWAM (4 GCMs × 4 emission scenarios). In this study, we use the GCM ensemble mean annual runoff to establish the amount of maximum theoretically available renewable water at any grid cell in any month. GCM data are also used to quantify the effect of climate model uncertainty on the amount of water availability, and subsequently, water scarcity conditions. Next we describe the global water demand model.
GCAM -Global Water Demand Model (GWDM)
Model overview
Recently, Hejazi et al. (2013b) explicitly incorporated sectoral water demand modules within the framework of GCAM to estimate the amount of freshwater demanded on an annual basis. The water demand modules account for water use for irrigation, livestock, domestic purposes, electricity generation, primary energy production, and manufacturing. The modules have been constructed, calibrated, and evaluated (Hejazi et al., 2013b) . Future agricultural water demands are driven by crop production from GCAM and the share of crop production that takes place on irrigated lands, Chaturvedi et al. (2013) and Hejazi et al. (2013b) for greater details. Future manufacturing and domestic water demands (Hejazi et al., 2013a) are driven by scenario-specific socioeconomic assumptions (e.g., population, GDP), among other factors. Water demands for primary energy are scaled with the amount of each fuel produced, and water demands for secondary energy (electricity, refined liquid products) depend on the specific production technologies used. In the electric sector in particular, water use depends not only on the generation technology mix, but also on the types of cooling systems used, for which we make explicit assumptions (see Davies et al., 2013) . Thus, in this study, water demands are modeled for the agricultural, industrial, and municipal sectors, using technology-based representations where possible. Figure 1 shows how each of the six water demand sectors are linked to the existing systems in GCAM. Next, we downscale the GCAM water demand results to grid scale using available spatial assessments of population, livestock, and irrigation.
Spatial downscaling to grid scale
A fundamental step in this study is to link the global water supply and demand models described above to GCAM's existing energy, agricultural, and socioeconomic systems.
However, the spatial resolution of these existing systems in GCAM is not adequate for detailed analysis of the water system; to link these systems, spatial downscaling of GCAM output is necessary. In this paper, we separately downscale irrigation water demands, livestock water demands, and all remaining water demands (e.g., municipal, electricity generation, primary energy, and manufacturing water demands). For the latter, we use population to downscale water demand estimates from the 14 GCAM regions to the grid scale (0.5 • × 0.5 • ). Using the WWDR-II population data (Elvidge et al., 1997a, b; ESRI, 1993; Tobler et al., 1995) and following the work of Wada et al. (2011) , the population gridded map is converted to population density maps, i.e., the sum of all grids within each GCAM region adds up to 100 percent. Assuming that population density maps remain static over time within each GCAM region, and using the population projections for each GCAM region, a global map of gridded population is generated for every GCAM modeling period (e.g., 2005, 2010, . . . , 2095) . Note that in this study, water scarcity conditions are assessed at the grid and basin scales. Note also that the downscaling technique does not allow for population diffusion into currently unpopulated areas, an assumption which may tend to overestimate water scarcity at the grid scale.
Similarly, irrigation water demand is downscaled to a 0.5 • × 0.5 • grid using existing global coverage of gridded information of crop areas equipped with irrigation in the year 2000, as well as the corresponding fraction of coverage of each grid area (both from Siebert et al., 2007) and by crop type (from Portmann et al., 2008) . Recall that GCAM computes irrigation water demand at the AEZ scale (151 regions globally). Also, the amounts of new irrigated lands in each crop (AEZ), GCAM region and the corresponding total irrigation volume are known from GCAM for each 5-year interval period between 2005 and 2095. First, starting with the base year estimates, the fraction of irrigated land in each grid is scaled up linearly to account for the additional irrigated lands. When the fraction of irrigated land in a grid cell reaches 100 %, the remaining additional irrigated lands are distributed uniformly across the remaining grid cells that are classified as equipped with irrigation. When all grid cells equipped with irrigation are fully irrigated or when irrigation emerges in sub-regional AEZs where no grid cells equipped with irrigation currently exist, irrigated lands are distributed uniformly across all arable lands. Using the density map of the share of irrigated lands and the required irrigation volume, and projecting them into the future, one can estimate the amount of irrigation downscaled to the grid scale.
To downscale livestock water demand, we follow the work of Alcamo et al. (2003a) , Flörke and Alcamo (2004) , and Wada et al. (2011) in utilizing the gridded global maps of estimated livestock density for six major livestock types (cattle, buffalo, sheep, goats, pigs, and poultry) in year 2000 (Wint and Robinson, 2007) . Projecting into the future, the amount of water used is scaled up, assuming the density maps remain static within each GCAM region.
Water scarcity
Next, we quantify the effect of climate change on water scarcity both globally and in each of the GCAM regions. To estimate water scarcity, we adopt Raskin's definition of water scarcity (Raskin et al., 1997) as the ratio of total water withdrawal (TWW) to total water availability (TWA); i.e., WSI = TWW TWA . This definition of water scarcity is sometimes referred to in the literature as the water resources vulnerability index (WRVI), the withdrawal-to-availability (WTA) ratio, and the criticality ratio (Brown and Matlock, 2011) . Following previously suggested thresholds for water scarcity conditions (Falkenmark, 1999; Falkenmark et al., 2007) , WSI is divided into four categories: no scarcity (WSI < 0.1) low scarcity (0.1 ≤ WSI < 0.2), moderate scarcity (0.2 ≤ WSI < 0.4) and severe scarcity (WSI ≥ 0.4). To be consistent with the temporal and spatial scale of GWAM, water demand (withdrawals) results are downscaled from the GCAM output scale (GCAM 14 regions, or 151 AEZ scale) to establish water scarcity for each grid on a mean annual basis. (USD 1990), and per capita GDP increases from 4607 to 28 136 (USD 1990), while energy consumption globally increases from 458 EJ to 2236 EJ. This scenario is equivalent to the radiative forcing pathway associated with the SRES A1Fi scenario. The adopted SRES A1Fi scenario reflects an extreme scenario with no mitigation and is somewhat similar to the POP14/MDG− scenario in Hejazi et al. (2013b) . To explore the consequences of climate change mitigation policies on water scarcity, we employ the same socioeconomic and technological change assumptions with both a set of policy scenarios and the baseline scenario. This permits isolation of human-induced climate change from population-and income-based effects on water scarcity.
Climate change mitigation policy scenarios
In GCAM, policies designed to mitigate climate change are implemented in regions either as greenhouse gas emissions prices, or as constraints on greenhouse gas emissions, wherein the model solves for the emissions prices necessary to meet the constraints. These emissions policies may price terrestrial carbon dioxide emissions or they may not: Wise et al. (2009) use two canonical carbon tax regimes, (1) a UCT regime which includes all carbon emissions in all sectors (including land use emissions) and all regions of the world; and (2) an FFICT regime which includes only fossil fuel and industrial emissions, but not land-use-related carbon emissions. Under both regimes, the carbon tax rises over time to limit atmospheric CO 2 concentrations to a prescribed stabilization level. However, the different types of policies lead to dramatically different outcomes for bioenergy deployment, land use change emissions, and consequently greenhouse gas emissions and climate change. The FFICT case is characterized by very high deployment of bioenergy and associated land use change emissions, which lead to greater emissions and climate change than the UCT case (Wise et al., 2009) . However, in all previous results of various climate policy regimes and stabilization levels, water was never included as a potentially limiting resource for bioenergy production or any other activities. In this paper, with the assumption of unlimited non-renewable groundwater and no monetary value attached to water use in GCAM, we do not yet model the feedbacks that result when water demand exceeds the regional water availability. Instead, we simply assess the impact of different target levels of climate change mitigation policies on water scarcity both globally and regionally. To investigate how different climate change mitigation policies could impact future water scarcity conditions, we have two means to ensure consistency between the selected climate policy and the corresponding GCM forcings used to simulate GWAM. One way is to specify the emission or temperature change target -such as 450 parts per million (ppm) CO 2 e or 2 • C by the end of the 21st century -and then to use a GCM run that reflects the same radiative forcings trajectory as in GCAM. This can be a challenge since running a GCM or a set of GCMs to match every policy run can be computationally expensive. One alternative is the use of downscaling techniques to match existing GCM runs to the pathway of interest, an approach that is typically adequate when performing pattern-scaling on temperature but that has known deficiencies when applied to precipitation (Arnell et al., 2011; Cabré et al., 2010) . A second alternative is to use existing GCM runs and then force GCAM to reproduce the equivalent radiative forcing trajectory through a particular climate policy. Given that the focus of the study is to explore the implications of climate change mitigation policies on water scarcity, we follow the latter approach in this paper. Thus, we devise climate policies in GCAM that reproduce the four SRES radiative forcings scenarios, where A1Fi is referred to as our baseline scenario (no climate policy), and A2, B2, and B1 are three climate policy scenarios with increasing mitigation stringency of 7.7, 5.5, and 4.2 W m −2 in year 2095, respectively. Figure S5 in the Supplement shows the radiative forcing trajectories based on each of the four SRES emission scenarios (A1Fi, A2, B2, and B1) and each of the UCT and FFICT tax regimes to replicate SRES's emission pathways. Figure S6 in the Supplement shows the corresponding carbon price, CO2 emission and concentration, and mean global temperature change associated with both the UCT and FFICT tax regimes and all four emission scenarios (A1Fi, A2, B2, and B1) when applicable. Note that the much lower reductions in emissions under the FFICT scenario, as compared to the UCT scenario, is a result of the energy portfolios of each policy regime, where FFICT typically results in a more pronounced contribution of bioenergy to energy than UCT. Also note that the much higher carbon price associated with the more stringent FFICT climate mitigation policies than those observed in current carbon markets results in a significant change in global land use (i.e., biomass expansion). The A1Fi scenario (black solid line) reflects the no-climate policy scenario (baseline).
Results and discussion
Water availability
To reflect the effect of climate change on water availability, GWAM is simulated over the 21st century with four GCMs (PCM, CGCM2, CSIRO2, and HADCM3) and four emission scenarios (A1Fi, A2, B1, and B2), totaling 16 simulations. The use of multiple GCMs facilitates the quantification of uncertainty associated with GCM results which feed in as input to GWAM. However, results are generally presented by considering their ensemble mean with equal weights. The four emission scenarios represent the baseline scenario and three climate policy scenarios with various levels of GHGs emission reduction targets. Figure 4 shows GWAM's simulations of global annual precipitation, actual evapotranspiration, and runoff from 1901-2100; future values are from the four GCMs and four emission scenarios. Globally, on land, the annual amounts of precipitation and actual evapotranspiration (ET) exhibit an upward trend for all the selected GCMs and emissions. However, only PCM and CSIRO2 exhibit an upward trend in runoff as well, while CGCM2 and HADCM3 show a slight decreasing trend in runoff. To understand the magnitude of potential shifts in water availability due to climate change and the level of variation from using different GCMs and emission scenarios, we compare annual precipitation, actual ET, and runoff estimates in years 2000, 2050, and 2095 (Fig. 5) . These time periods are averaged over the [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2046] [2047] [2048] [2049] [2050] [2051] [2052] [2053] [2054] [2055] , and 2091-2100 periods, respectively, to filter out the year-to-year variations. Although each of the emission scenarios is associated with a particular warming level, the global amount of water availability does not show a consistent trend with temperature change across the GCM models. The level of uncertainty arising from employing different GCMs and emission scenarios increases over time; i.e., uncertainty is larger in 2095 than in 2050 (Fig. 5) . Also, the uncertainty across GCMs is larger than across scenarios. Hence, averaging across GCMs to reflect a particular emission scenario reduces variability and results in a closer match to the historical average runoff, although spatial variations remain high in many cases. Figure 6 shows the difference in ensemble mean runoff at the grid scale between years 2095 and 2000 for each of the of four emission scenarios. Although globally humans may end up with more available water through runoff globally, when looking at the spatial distribution of gains and losses in freshwater, there are clear winners (Canada, northern Europe, Russia, India, and northern China) and losers (e.g., most of South America, eastern half of the US, rest of Europe, the Middle East, and Southeast Asia and Australia). Those regional patterns are consistent across all four emission scenarios, and somewhat similar to the finding of Arnell (2004) , who found a reduction in runoff in much of Europe, the Middle East, southern Africa, North America and most of South America, and increasing runoff in high-latitude North America and Siberia, eastern Africa, parts of arid Saharan Africa and Australia, and South and East Asia. In the remaining sections, the focus is on the quantity of water withdrawals even though both withdrawals, and consumption are provided by GCAM. Driven by increasing stringency in climate change mitigation policies and maintaining identical socioeconomic and technological assumptions across the six policy scenarios, Figure 7 shows the global water withdrawals for the baseline and the six policy scenarios in comparison to historical estimates and forecasts. Gleick (2003) states that pre-1980 estimates of future projections tended to overestimate future global water withdrawals; however, our detailed, activity-based assessment of future water withdrawals generally yields higher future water withdrawals than those produced by recent studies (Alcamo et al., 2003b (Alcamo et al., , 2007 Shen et al., 2008) , mainly due to high population projection associated with the baseline scenario and the greater expansion of irrigated area in this study. Regardless, both previous studies and our scenarios indicate that water demands are likely to increase globally in this century, even in the most stringent future mitigation scenarios. Figure 8 shows GCAM's estimates of global water demands (withdrawals) for the baseline scenario (no climate policy) and the six climate change mitigation policy scenarios for each of the water demand sectors, i.e., irrigation (biomass, crops), livestock, domestic, primary energy, electricity, and manufacturing. The variation in water demands by sector depends on the interdependence of each sector on the implications of the differing climate policy tax regimes (UCT vs. FFICT) and climate mitigations targets. For example, biomass water withdrawals increase from zero in 2005 up to a range of 438-530 km 3 year −1 in 2095 for the three UCT scenarios, and to a range of 1782-13 212 km 3 year −1 in 2095 for the three FFICT scenarios. The large differences in the ranges are attributed to the dramatic increase of biomass production under the energy portfolio of the FFICT scenarios in meeting the climate policy targets. In contrast, municipal water demand shows no sensitivity to climate policy and all six policy scenarios are identical to the baseline scenarios, i.e., from 466 km 3 year −1 in 2005 to 1392 km 3 year −1 in 2095; the effects of elevated temperatures on water demands are not accounted for in this study.
Total crop irrigation (excluding biomass) water withdrawals increase from 2464 km 3 year −1 in 2005 to 9053-9686 km 3 year −1 (UCT scenarios), and to 9078-9315 km 3 year −1 (FFICT scenarios) in 2095. Livestock demands reflect the population-and income-driven growth in meat and dairy demands combined with a relatively minor price effect, increasing livestock water withdrawals from 18 km 3 year −1 in 2005 to 39-54 km 3 year −1 (UCT scenarios), and to 58-62 km 3 year −1 (FFICT scenarios) in 2095. Domestic water withdrawals increase from 466 km 3 year −1 (196 L person −1 day −1 ) in 2005 to 1392 km 3 year −1 (279 L person −1 day −1 ) in 2095. Primary energy and electricity water demands could increase or decrease depending on the prevailing climate policy scenarios. Primary energy water withdrawals may increase (or decrease) from 19 km 3 year −1 in 2005 to 34 km 3 year −1 in the baseline scenario due to higher coal and oil demands (or to 7 km 3 year −1 in FFICT4.2 due to the shift from more water-intensive primary energy sources (e.g., crude oil) to less water-intensive options such as mining production and natural gas)) in 2095, and electricity water withdrawals may increase (or decrease) from 535 km 3 year −1 in 2005 to 755 km 3 year −1 in the UCT4.2 scenario (or to 466 km 3 year −1 in FFICT7.7) in 2095. The large drop in electric-sector water withdrawals around mid-century arises due to the assumed long-term phase-out of once-through flow cooling systems, which are characterized by high water withdrawal rates, in favor of lower-withdrawal wet towers, cooling ponds, and dry cooling systems. Manufacturing water withdrawals increase from 209 km 3 year −1 in 2005 to 749-934 km 3 year −1 (UCT scenarios), and to 820-895 km 3 year −1 (FFICT scenarios) in 2095. In total, global water withdrawals increase from 3710 km 3 year −1 in 2005 to 12 533-13 010 km 3 year −1 (UCT scenarios), and to 13 935-25 357 km 3 year −1 (FFICT scenarios) in 2095, thus, suggesting worsening water scarcity in the future. Figure 9 shows the re lative change in total water withdrawals for each of the demand sectors between the baseline scenario and each of the six climate policy scenarios. The effect of climate change mitigation policies on the estimated water withdrawals varies across water demand sectors. When comparing the results of the policy scenarios to the baseline scenario, the projected changes in biomass water demand range from −53 to 100 % in 2050 and −59 to 1317 % in 2095. With more stringent FFICT policies (i.e., lower mitigation targets, e.g., 4.2 W m −2 ), biomass water demand increases substantially, and it generally decreases with more stringent UCT policies. As compared to biomass, the sensitivity of crop water withdrawals to climate policy is much Falkenmark & Rockström, 2000 , Alcamo et al. 2003a , Alcamo et al. 2003b , Shiklomanov & Rodda, 2003 , Alcamo et al., 2007 , Shen et al. 2008 , Wada et al., 2011 , and AQUASTAT 2011 Figure 7. Global water withdrawals for the baseline and the six policy scenarios in comparison to literature estimates of historical water use and other studies; sources: Gleick (2003) (and references therein), Falkenmark and Rockström (2000) , Alcamo et al. (2003a Alcamo et al. ( , b, 2007 , Shiklomanov and Rodda (2003) , Shen et al. (2008) , Wada et al. (2011), and AQUASTAT (2011). less evident and only ranges from 0 to 4 % in 2050 and −3 to 4 % in 2095. The effect of climate policy on livestock water withdrawals (as compared to the baseline scenario) ranges from 0 to 14 % in 2050 and 0 to 38 % in 2095, with policy scenarios projecting lower demands, and with larger reductions associated with more stringent policies; i.e., the largest drop in livestock water demands are under the UCT4.2 and FFICT4.2 scenarios. More stringent climate policies also cause greater reductions in primary energy water demands, however, with FFICT scenarios projecting lower demands than their equivalent UCT scenarios. The effect of climate increase or decrease future global water withdrawals, an effect that becomes increasingly apparent, especially during the second half of the century. Figure 10 shows the distribution of global water withdrawals by sector for the baseline scenario and each of the climate change mitigation policies. Three main observations include that (1) crop water demands remain the dominant source of water withdrawals over the whole century with the exception of the FFICT4.2 scenario, (2) the share of water withdrawals for electricity generations diminishes over time, and (3) the share biomass water withdrawals start to emerge strongly with the more stringent FFICT scenarios (e.g., FFICT5.5 and FFICT4.2). However, some of those changes prevail under the baseline scenario as well. The decreasing share for electricity water withdrawal is due to the assumed long-term phase-out of once-through flow cooling systems, and occurs in the baseline scenario. Figure S7 portion of biomass share increases most dramatically under the more stringent FFICT scenarios, making it an important competitor for future water demands and reducing the shares attributed to other sectors, especially other crops.
Water scarcity
With projections of gridded water demand and supply results, global maps of water scarcity are produced for the years 2005 and 2095. For a detailed set of results showing the individual gridded water demands and gridded runoff, and the resulting water scarcity under the reference scenario, see Figs. S7-14 in the Supplement. Figure 11 shows the gridded global maps of water scarcity for the baseline and the six policy scenarios in the year 2095. Recall that a water scarcity index value of 0.4 or higher (WSI ≥ 0.4) denotes severe scarcity, (0.2 ≤ WSI < 0.4) denotes moderate scarcity, (0.1 ≤ WSI < 0.2) denotes low scarcity, and (WSI < 0.1) denotes no scarcity, or abundant water resources as compared with demands. Generally, the gridded global water scarcity map is spatially consistent across all scenarios, with regions in eastern China, northern India, and the Middle East projected to experience extreme scarcity conditions in 2095. Since it is not clearly apparent from Fig. 11 how water scarcity has changed spatially over time or due to each of the climate policies, Fig. 12 shows the change in water scarcity Generally, in 2095 more regions experience similar or elevated water scarcity conditions (Fig. 12) . More specifically, regions that are experiencing some level of scarcity are projected to experience even more scarcity primarily due to mounting demands and changes in water availability in various regions. The largest increases in scarcity over the 21st century include regions in eastern China, India, western Europe, and the Middle East. Some of that change is attributed to the large increase in population and income effect in these regions under the adopted socioeconomic assumptions for all the scenarios. Comparing across policies, Fig. 13 shows that the policy-caused anomaly from the baseline scenario (no climate policy) in year 2095 is spatially heterogeneous and depends on both the policy type (UCT vs. FFICT) and stringency level (e.g., 7.7, 5.5, and 4.2 W m −2 ). As shown in Fig. 9 , compared to the baseline scenario, the global water demand could decrease by up to 5.9 % in 2095 under the most stringent UCT policy (UCT4.2), or increase by up to 90 % under the most stringent FFICT policy (FFICT4.2). Thus, when distributing that global result spatially (Fig. 13) , the effects of climate policy propagate differently in different regions due to land use and energy choices in these regions governing water demands. Also the spatial variation is confounded by regional differences in the impact of climate change on water availability. Thus, there are regions that are projected to see more scarcity, even though globally there will be less water demanded than the baseline scenario under the UCT scenarios. For example, regions in central Asia and the western United States will experience more scarcity due to UCT climate policies, while other regions will experience less scarcity, such as Africa, eastern Europe, and the eastern United States. The reasons are complex and likely dependent on several interdependent factors, such as energy and land use choices that are spatially heterogeneous (e.g., policy-induced shifts in favor of a particular crop that is grown in particular regions, causing higher water demands), the spatial heterogeneity of climate change effects on regional hydrology and water availability, changes in technological progress in different regions, variations in socioeconomic drivers, and so on. When the results are varied within a GCAM region, such as the United States, then the likely factor is variability in the agricultural sector water demands, since those are modeled at the AEZ scale (e.g., there are 10 AEZs in the United States) and changes in water availability (e.g., GWAM's representation includes many grid cells in the United States). Under the FFICT scenarios, the spatial coverage is more homogeneous mainly because water demands for biomass production dominate these scenarios. Under the FFICT climate policy scenarios as compared to the baseline scenario, most regions will experience some increase of water scarcity. However, noting the scale difference between Figs. 12 and 13, it is apparent that projected increases in water scarcity between 2095 and 2005 are much larger than the differences between policy and no policy scenarios.
Global population under scarcity (baseline scenario)
Aggregating water scarcity globally under the baseline scenario (no climate policy), Fig. 14a and b show the likely shifts to the cumulative distribution function of the fraction of the global population living under different levels of scarcity (WSI) at the grid and basin scales, respectively. The thin lines reflect the uncertainty corresponding to any single climate model of the four GCMs instead of the ensemble mean of total annual water availability. Global populations living under severe water stress conditions at the grid scale (basin scale) increase from 42 % (29 %) in year 2005 to 56 % (56 %) and 66 % (64 %) in years 2050, and 2095, respectively; i.e., more than half of the world population will live under severe scarcity conditions in year 2050. Table 4 summarizes the proportion of global population living under each water scarcity category. When compared to previous estimates from the literature (Wada et al., 2011 ) (and references therein) for current population experiencing scarcity conditions (1995) (1996) (1997) (1998) (1999) (2000) , our estimates in year 2005 fall within the documented range. The range of results signifies the wide level of uncertainty in such estimates. Uncertainty could arise from the method of estimating total water availability, to water demand projections, to spatial and temporal scale of water scarcity calculations, and to how demands are downscaled to the appropriate scale. Figure 15 shows the distributions of global populations facing each of the four levels of water scarcity. Note that WSI values are computed at the grid and basin scales and then aggregated to the global scales. Regardless of the adopted scale of calculating WSI and the associated populations, both panels in Fig. 15 show an increasing proportion of global population living under severe water stress under both the ensemble mean and all individual GCMs. Figure 16a and b show the evolution of the fraction of the global population living under severe water stress (WSI ≥ 0.4) when computing WSI at the grid and basin scales, respectively. The dashed lines represent the result associated with an individual GCM instead of the ensemble mean. The grid scale results (in comparison to basin scale results) tend to overestimate the water scarcity condition at the beginning of the century, but the difference between the grid and basin scale results diminishes towards the end of the century; i.e., the fraction of the global population living under severe water stress ranges between 60 and 70 % by the end of the 21st century (Fig. 16 ).
Global population under scarcity (climate policy scenarios)
Aggregating water scarcity globally under the various climate change mitigation policies and comparing it to the baseline scenario, Fig. 17a and b show the likely shifts to the cumulative density function (cdf) of the fraction of the global population living under different levels of scarcity (WSI) at the grid and basin scales, respectively. Comparing between 2095 and 2005 under the baseline scenario, the cdf curve shifts to the left, denoting exacerbated water scarcity conditions and a higher fraction of global population living under water stress. The thin lines reflect the uncertainty corresponding to any single climate model of the four GCMs instead of the ensemble mean of total annual water availability. The cdf in 2095 shifts slightly to the right under the UCT4.2 scenario and much further to the left under the FFICT4.2 scenarios. Thus, globally on average, UCT climate policies moderately alleviate water scarcity conditions and FFICT climate policies induce the opposite and more pronounced effect on water scarcity. Figure 18 shows the fraction of the global population living in grid cells (Fig. 18a) or basins (Fig. 18b) conditions (1995) (1996) (1997) (1998) (1999) (2000) , our estimates in year 2005 generally fall within the documented range. Figure 19 shows a comparison of the estimated percentage of the global population living in grids (Fig. 19a) and basins (Fig. 19b) , and under different thresholds of water scarcity conditions with previous estimates from the literature (Wada et al., 2011, and baselines therein; Arnell et al., 2002 Arnell et al., , 2011 Alcamo et al., 2007) . The spread in our results reflect the uncertainty arising from relying on each of the GCMs separately and the various climate policies, both singly and in tandem. Although we found that variation in water availability due to different emission policies is less than those attributed to using different GCMs (Fig. 5 ), Fig. 19 shows the opposite in terms of estimates of the global population living under severe water scarcity in 2095, in other words there is more uncertainty from the various emission scenarios (policy scenarios) than from those attributed to using different GCMs, thus signifying that changes in water demand are dominating changes in water supply. This result is consistent with the finding of Vörösmarty et al. (2000) that population growth plays a larger role in water scarcity than climate change in 2025. However, comparing the relative contributions of climate change, climate mitigation policies and socioeconomic drivers on water scarcity far longer in the future are yet to be tackled. Figure 20 shows a comparison between the grid-and basin-scale results along with other estimates from the literature for severely water-stressed global populations. Grid-based estimates overestimate scarcity as compared to basin-based estimates but that difference diminishes as scarcity increases. Note that the wide range of historical results (Figs. 19 and 20) signifies the wide level of uncertainty in such estimates. Uncertainty can arise from the method of estimating total water availability, projecting wa- Arnell et al. 2002 , and Alcamo et al., 2007 ; the spread in our results reflect the uncertainty arising from relying on each of the GCMs separately and the various climate policies, both singly and in tandem; the shape denotes the spatial scale of estimating WSI (blue diamonds: country scale; red squares: watershed scale; and green triangles: grid scale); solid points reflect assessments of current or historical scarcity conditions; empty shapes denote projections in the future (b) basin scale Figure 19 . Comparison of the estimated percent of global population living different thresholds of water scarcity conditions with previous estimates from the literature (Wada et al., 2011 , and references therein; Arnell et al., 2002 Arnell et al., , 2011 Alcamo et al., 2007) . The spread in our results reflect the uncertainty arising from relying on each of the GCMs separately and the various climate policies, both singly and in tandem; the shape denotes the spatial scale of estimating WSI (blue diamonds: country scale; red squares: watershed scale; and green triangles: grid scale); solid points reflect assessments of current or historical scarcity conditions; empty shapes denote projections in the future.
ter demand, selecting spatial and temporal scales for the water scarcity calculations, and to downscaling demands to the appropriate scale. Future research should quantify the relative effect of those sources of uncertainties on water scarcity. Also, in this study we assume static population density maps; accounting for the diffusion of population over time is important to improve the realism of our findings.
Conclusions
To quantify changes in future water scarcity, estimates of water availability from the new gridded water-balance global hydrologic model (GWAM) are compared with global water demands as modeled in GCAM. The six water demand sectors in GCAM (irrigation, livestock, domestic, electricity (Wada et  3 al., 2011 and references therein, Arnell et al. 2002 , and Alcamo et al., 2007 ; the spread in our 4 results reflect the uncertainty arising from relying on each of the GCMs separately and the various 5 climate policies (dashed lines); the shape denotes the spatial scale of estimating WSI (blue diamonds: 6 country scale; red squares: watershed scale; and green triangles: grid scale); solid points reflect 7 assessments of current or historical scarcity conditions; empty shapes denote projections in the future 8 9 Figure 20 . Comparison of the estimated percent of global population under severe water stress in grid cells (black lines) and basin areas (red lines) along with previous estimates from the literature (Wada et al., 2011, and references therein; Arnell et al., 2002 Arnell et al., , 2011 Alcamo et al., 2007) ; the spread in our results reflect the uncertainty arising from relying on each of the GCMs separately and the various climate policies (dashed lines); the shape denotes the spatial scale of estimating WSI (blue diamonds: country scale; red squares: watershed scale; and green triangles: grid scale); solid points reflect assessments of current or historical scarcity conditions; empty shapes denote projections in the future. generation, primary energy production, and manufacturing) provide the total annual water demand divided by sector, subsector, technology, and region that are associated with any GCAM reference or policy stabilization scenario. Six policy scenarios (two types and three targets of radiative forcings) are simulated in GCAM along with the associated water demands and supply projections, and estimates are made of their impacts on water scarcity and thus the populations facing more or less water scarcity conditions. The results indicate that water scarcity shifts differently with the increasing stringency of the adopted climate change mitigation policies in term of emission targets. When compared to a baseline scenario (no climate policy), water scarcity declines under a UCT mitigation policy, while it increases with a FFICT mitigation scenario by the year 2095, mainly due to variations in prevailing bioenergy productions. Under the UCT scenario, although with population growth coupled with increasing energy and food demands, water scarcity is likely to increase due to higher water demands (when compared to the reference scenario), while less water scarcity is projected on a global average but with spatial variations. For the FFICT scenarios, more scarcity is projected with more stringent climate policies. Thus, depending on the adopted policy type and stringency level, climate mitigation could lead to more or less water scarcity.
For assessing global water scarcity under current and future scenarios, there are several unique advantages to the approach adopted in this study. Most previous modeling efforts have focused on specific components of the humanearth system and assumed the behavior of remaining components by applying projected trends, output of other models, or reanalysis data. In contrast, in this study, we model water demand and availability within an internally consistent integrated assessment modeling framework with structural representations for the demands of water in most of the major water demand sectors. Thus, both water demand and supply are driven from the same set of assumptions about population and income growth, technological change, and emission scenario. This is important because human society and the natural environment are interconnected: changes to the climate and natural systems will require society to adapt, and its adaptation efforts will affect the global environment in return. This interplay between natural and socio-economic systems determines the entire system's evolution and makes the representation of the corresponding feedbacks critical to the development of appropriate adaptation and mitigation strategies (Davies and Simonovic, 2011) .
Additionally, reconciling water demand and supply in an internally consistent integrated assessment framework represents an important advance in the integrated assessment modeling field, as water is generally not explicitly modeled. With water balancing in GCAM, one can tackle the question of the adequacy of water availability under different climate change mitigation policies. Hejazi et al. (2013b) investigated the level of water demands in each GCAM region by the end of the 21st century under a set of six representative socioeconomic scenarios, while assuming constant water availability to current condition. In this paper, we extend that work by incorporating a global water availability model in GCAM to capture the effect of climate change on the amount of available water in conjunction of demands. The impact of climate change on water demands are not accounted for, and the water demand scenario in this study is a slightly modified version of the POP14/MDG− scenario in Hejazi et al. (2013b) to match closely the emission trajectory used in simulating the global hydrologic model (e.g., SRES A1Fi). Hejazi et al. (2013b) found that water demands in the Middle East and India have already or will exceed their annual renewable water availability during the 21st century. The incorporation of the global hydrologic model (i.e., the effect of climate change on hydrology) did not change the previous outcome. Thus, although the amount of water spatially available changes over time, growing water demand pressures generally impose a stronger influence on water scarcity conditions, especially in regions such as India and the Middle East. These high waterscarcity values indicate that the scenario is likely infeasible from a water perspective, since such high water stress would typically lead to the adoption of water conservation technologies, with implications for other human choices (e.g., food, energy).
For example, under the most stringent FFICT scenario (FFICT4.2), global water withdrawals increase from 3710 km 3 yr −1 in 2005 to 25 357 km 3 yr −1 in 2095. But, is this quantity even physically feasible? Postel et al. (1996) estimated that out of the of the 40 700 km 3 yr −1 global mean annual runoff volume, 7774 km 3 yr −1 is inaccessible for human use, 20 426 km 3 year −1 is uncaptured floodwater that flows directly to the world oceans, and only the remaining 12 500 km 3 year −1 is geographically and temporally accessible runoff, of which 2350 km 3 year −1 is needed for instream water uses. Thus, humans' access to renewable water is approximately 10 150 km 3 year −1 . Although this quantity may have increased over the past two decades due to new reservoir storage capacity, especially in developing regions, Postel's analysis suggests that all scenarios, including the baseline scenario, are potentially infeasible in the second half of the century. Recall that global water withdrawals range between 8843 and 9276 km 3 year −1 in 2050 and between 12 533 and 25 357 km 3 year −1 in 2095. This also highlights some of the limitations of the model to represent the feedback from water supply and demand imbalances on human choices with regard to their diets, energy use, and prevailing technologies. Furthermore, in all the scenarios, the prevalence of water technologies (e.g., cooling system, irrigation efficiency) is exogenously entered into the model, however, the likely strong competition for water among the competing users and the mounting scarcity over time could cause differences in the evolution of certain technologies from how they are assumed to function in this framework. Thus, a market-based or an allocation-based approach is necessary to permit the modeling framework to endogenously choose among various water technologies instead of being exogenously fed into the model. Also, future research should be directed at incorporating water shortage feedbacks in GCAM to better understand how such stresses will propagate across the various human and natural systems in GCAM. Other advances to the framework can focus on the impact of warming on yield and crop water requirements, the effect of CO 2 fertilization on crop water use efficiency, and the effect of elevating water temperatures in streams on cooling efficiencies, which are not accounted for in this study. Instream water requirements for ecosystems and recreational and navigational purposes are also not accounted for as part of the global total demand and will need to be included in the future. When comparing water demand and supply at large regional scales, water scarcity is likely to be averaged out, as GCAM regions that contain much more water available than demanded annually may still encompass sub-regions or grids that experience extreme stress conditions. To better characterize scarcity, in this study we downscale the water demands from the GCAM regions and AEZs to the grid scale. Many grid cells exhibit higher water demands than the amount of runoff available. As shown in Fig. 14 , the percentage of global population experiencing WSI > 1.0 (i.e., TWD > TWA) increases from 8 to 23 % in 2005 to 28-36 % and 39-44 % in years 2050 and 2095, respectively; the higher range estimates are associated with grid-based estimates of WSI (Fig. 14a) . Note however that because large population densities tend to occur at the main stem of large rivers that drain large regions, and because river routing is not implemented in GWAM, results are likely to overestimate the percentage of populations facing water scarcity conditions. Thus, water scarcity calculations are also performed at the basin scale to complement the gridscale results. Also, the results in this paper reflect an extreme population scenario, and water scarcity is likely to be alleviated when testing less populated scenarios. The effects of different socioeconomic and emissions scenarios on global water scarcity assessments are not fully understood, but are likely to influence water scarcity conditions. Furthermore, although Table 4 indicates that the scarcity estimates in 2005 are still within the range of uncertainty in current estimates, the projected estimates in scarcity along with the cited literature values exhibit a wide range of uncertainty. Thus, quantifying the various sources of uncertainty is an important step to improve the reliability of water scarcity estimates in the future.
Uncertainty in water scarcity estimates could arise from several factors, such as the amount of water available (i.e., model uncertainty of global hydrologic models and GCM predictions), the adopted socioeconomic and technology assumptions, projections of global water demands, downscaling techniques of water demands to match the scale of the water availability modeling exercise (watershed or grid), and the adopted spatial and temporal resolutions at which water scarcity is computed. Studies that perform inter-model comparisons among global hydrologic models can help identify the major sources of uncertainty in water availability estimates. Gleick (2003) and Hejazi et al. (2013b) concluded that there is a wide range of variations in global water demand projections. Wada et al. (2011) found that a shorter temporal scale leads to higher estimates of water scarcity globally, but their observed variation is still smaller than the level of variations observed in the literature. Finally, downscaling techniques are generally simplistic; more advanced models that capture migration and population dynamics, and more accurate downscaling of industrial (e.g., energy, electricity, and manufacturing) water demands are warranted.
